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Abstract 
Manufacturing industry has been progressively using digital tools for product development and manufacturing control to handle 
product and process complexity as well as to react to ever-increasing cost and time pressure. This paper presents aims and 
potentials of the application of knowledge discovery processes in industrial databases for the identification and extraction of new 
knowledge in order to support planning and decision making processes in product emergence. Therefore, it describes basic 
approaches for the intelligent utilisation of discovered knowledge on the example of prospective assembly time determination in 
early phases of product emergence. 
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1. Introduction 
For the last few years research activities in the field 
of virtual product emergence are focusing on a stronger 
parallelisation of planning processes. Main aim is the 
reduction of total planning time and therefore of Time-
to-Market for new products. For this purpose a lot of 
methods, e.g. Concurrent Engineering, Frontloading or 
Rapid Prototyping were developed and practically 
applied. Their implementation promoted a standardised 
and comprehensive digital collection and sustainable 
documentation of data and information considering the 
Product Emergence Process (PEP). Applying modern 
information technology enables an efficient storage, 
administration and documentation of the continuously 
increasing amount of data, information and knowledge 
within virtual PEP. 
Current IT solutions in this field are in most cases 
focusing on the management, the consistent 
representation as well as the exchange of data and 
information. Yet the intelligent utilisation of already 
existing, digital databases to discover new knowledge 
will be of particular importance for future 
manufacturing. The essential success factors of an ideal, 
computer aided PEP in the future will be the efficient 
allocation and utilisation of this knowledge (e.g. by 
methods of machine learning) as well as an 
interdisciplinary knowledge exchange (e.g. within 
Concurrent Engineering teams). At this point it is 
noticeable within engineering-science research, that 
concepts proved in industrial applications for efficient 
utilisation of huge amount of data and information 
created during the PEP are barely available. 
Nevertheless in research fields such as Mathematics, 
Statistics and Computer Science a lot of analytical 
methods and tools are available, which can be used 
universally to evaluate huge data volumes efficiently. 
Although the number of publications about 
knowledge discovery or data mining applications in 
manufacturing industry increased in recent years, most 
of the research results are only limited applicable for 
quality prediction or control of manufacturing processes. 
Research activities on the integration of data mining 
with manufacturing systems have to be reinforced [1]. 
Especially for supporting the planning- and decision-
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making processes within the virtual PEP an intelligent, 
comprehensive analysis of relevant data and information 
created during the PEP is not established yet. Essential 
planning- and decision-making fundaments in industrial 
application are time data describing manufacturing and 
assembling processes. Their determination in early PEP-
phases is a challenge for manufacturing companies. 
2. Evolution of the IT environment in PEP 
The PEP covers development of a product including 
product planning, planning of the processes (e.g. 
manufacturing, assembling, layout and logistics) and 
finally production itself. A consistent application of IT 
systems within the PEP is a vital precondition to 
maintain the competitiveness in manufacturing 
companies. The development of modern IT environment 
started by building up digital databases in 1970s first 
focusing on a digital collection of essential data to 
support the product development, further the process 
planning and operative production processes [2]. 
2.1. Development of modern IT environment in PEP 
The first digital data storage was enabled by 2D-CAD 
tools thus defining the starting point for establishing 
specific databases in product development. By 
developing 3D working techniques subsequently and due 
to their increasing practical application, an intensive 
linkage to product structures was realised. First Product 
Data Management (PDM) systems were developed in 
the field of CAD document management and 
counteracted the redundant data storage. Nowadays 
Standard-PDM-Software as well as customised, product-
oriented IT systems based on these standards are 
appropriate solutions to provide computer support to 
product development processes. The typical area of 
application for recent PDM solutions is commonly 
limited to development and construction activities [3]. 
IT solutions to support process planning have been 
developed with a delay compared to digital support in 
product development. Code-based material flow 
simulation tools, Computer Aided Manufacturing 
(CAM) and Computer Aided Process Planning (CAPP) 
systems (for automatic generation of work plans) were 
the first solutions in process planning [4, 5]. 
For the support of operative production processes 
Production Planning and Control (PPC) systems were 
developed to integrate materials and time management 
into the manufacturing industry. To extend the core PPC 
functionalities by tasks covering productions up- and 
down-stream areas such as sourcing, sales and 
controlling Enterprise Resource Planning (ERP) systems 
were implemented. Based on a uniform management of 
manifold data in a manufacturing company ERP systems 
can be used to administrate the continuously increasing 
amount of production-related data in an efficient way 
[6]. Considering the functionalities of the mentioned 
solutions regarding the target-oriented planning- and 
decision-making support, they are limited to the 
opportunity to analyse and evaluate data e.g. by a 
manual definition of planning and query “if-then” rules 
in many cases. Furthermore these functionalities were 
available separately, in most cases considering either 
product development or process planning or production. 
The deficits of area-specific IT environment were 
detected soon and the first approaches to solve this 
problem were developed for example by establishing the 
Computer Integrated Manufacturing (CIM) concept in 
the 1980s. CIM pursued the vision to connect and 
combine all isolated product emergence tools, especially 
those in product development and process planning, into 
an overall planning system. The basic idea was to 
establish an integrated, computer-based information flow 
between planning, production and administrative 
departments [7]. But the expectations concerning the 
integration were only fulfilled partially attained by the 
research results in the area of CIM. So today – 30 years 
after the beginning of CIM – in most cases an integrated 
and entire product and process view along the PEP is 
still missing [8]. Nevertheless the idea of an integrated 
product- and process planning is still of high relevance 
and nowadays focused in Digital Manufacturing and 
PLM (Product Lifecycle Management) concepts [2, 9].  
The Association of German Engineers (VDI) defines 
Digital Manufacturing (“Digital Factory”) as a 
comprehensive network of digital models, methods and 
tools – including simulation and 3D visualisation – 
integrated by a continuous data management system. 
The aim of Digital Manufacturing is “the holistic 
planning, evaluation and on-going improvement of all 
the main structures, processes and resources of the real 
factory in conjunction with the product” [10]. 
PLM solutions are gaining importance in order to 
control the increased complexity of the developed 
products and its herewith required integration of 
different data and information volumes [3]. In this 
context PLM solutions are not only covering the 
product-specific and company-wide information 
management but also a rule-based planning, control and 
administration of data, documents, resources and 
required processes within the entire product life cycle. 
Compared to the integrated supply of all product-
relevant data and information provided by PLM 
solutions, the concept of Digital Manufacturing 
promotes an integrated planning of the production-
relevant processes as well as the integration of the 
required methods, tools and models [10, 11]. Thus PLM 
and Digital Manufacturing solutions represent the 
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current approaches to provide integrated IT environment 
in the context of virtual PEP. 
2.2. Future challenges for IT environment in PEP 
Fig. 1 shows the evolution of IT environment 
considering the focus of IT solutions. The pointed out 
layers starting with the data layer, via the information 
and knowledge layer up to the intended intelligence 
layer depict the character of the introduced IT solutions. 
Fig. 1. Evolution of IT environment in PEP [cf. 2, 3, 13]  
The data layer is characterised by the digital 
collection, storage and documentation of planning-
relevant data and is therefore the fundament for the 
development as well as the application of additional IT 
tools. A target-oriented configuration of data in the sense 
of information generation enables structuring and 
efficient administration of the emerged information on 
the next evolution layer. By depicting existing planning 
knowledge in terms of application-oriented 
interconnections and in a context-controlled, model-
based way, modern IT solutions in the PEP are therefore 
more and more addressing the planning- and decision-
making support in the knowledge layer. To provide 
improved planning- and decision-making support 
experts from industry and science are calling for new 
and more intelligent IT solutions in the future [e.g. 12]. 
First approaches considering this demand exist on the 
market for example in form of Business Intelligence (BI) 
solutions. Yet these solutions are often isolated and do 
not provide a PEP-overlapping planning- and decision-
making support. Based on the fact that IT solutions still 
have to be integrated and that an increased amount of 
data, information and knowledge has to be utilised future 
challenges for the development of intelligent Computer 
Aided Product Emergence (iCAPE) can be summarized: 
The essential challenge is to increase the utilisation of 
already existing knowledge in early PEP-phases. This 
can be realised for example by improving knowledge 
transparency in the knowledge layer or by discovering 
hidden knowledge in the intelligence layer. Hence on the 
one hand the precondition for the highest possible 
parallelisation of different planning processes and 
thereby a duration reduction can be achieved. On the 
other hand an enhanced utilisation of existing knowledge 
in databases provides higher quality of planning results. 
3. Knowledge creation in computer aided PEP 
Due to the PEP‘s comprehensive IT environment a lot 
of data, information and knowledge about planning and 
production processes are created and stored.  
3.1. Knowledge enhancement in different phases of PEP 
The PEP starts by defining the requirements within 
the planning of the product as one phase of product 
development. Up to a company-specific maturity level 
product development proceeds independent from the 
process planning. In addition it also provides the 
fundament for process planning. As soon as first results 
are released from product development, it is absolutely 
necessary to establish a permanent and close 
communication and integration between product 
development and process planning. 
These two planning processes are characterised by 
different data pools depending on the phase of product 
emergence. In most cases pure product-related data and 
information such as requirements lists, specifications, 
functional bill of materials (FBOM), CAD-models and 
construction-oriented engineering bill of materials 
(EBOM) exist in the phase of product development.  
Whereas the data pools in the phases of process 
planning and production are more process-related and 
appear for example in terms of production-oriented 
manufacturing bill of materials (MBOM), work plans, 
production orders and data logs (see Fig. 2). These data 
and information about products and processes are stored 
in the particular IT systems in a defined data format. As 
a consequence new information and knowledge about 
the product as well as the related production processes 
enhance after every planning step. Progressing through 
the maturity levels of PEP this knowledge is updated, 
stated more precisely and enriched with every iteration. 
Thus provides new premises to adopt the planning. This 
explicit knowledge, available in the various IT systems, 
is directly accessible and utilizable.  
3.2. Future challenges for knowledge utilisation in PEP 
Nevertheless the data and information emerged 
during  the  PEP  are   not  yet  utilised  sufficiently   for 
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Fig. 2. Knowledge creation in Computer Aided PEP 
planning- and decision-making activities. One reason is 
the lack of data availability and transparency in terms of 
interface problems and data inconsistency. On the one 
hand a lot of research activities using different problem-
solving approaches are dealing with this topic but their 
transfer into practical application remains a big 
challenge. On the other hand the lack of methodical 
support in analysing huge amount of data (“Management 
by Excel”) is contributing to these existing deficits. This 
issue is intensifying due to the fact that “learning” from 
earlier planning procedures has become absolute 
necessary because of the different duration of the PEP 
phases. This in particular applies to process planning 
before start of production because its results are created 
in much shorter period of time compared to the results of 
product development. At the same time these results are 
determining the following long lasting production 
process. An efficient utilisation of already existing 
planning knowledge as the basis for complex planning- 
and decision-making processes gains outstanding 
importance for a successful PEP. 
Information, which represents the basis for planning- 
and decision-making, is - in the digital age - deposited 
and therefore available in several IT systems and could 
be utilised in the PEP. Considering for example the 
sequence of assembly operations, their restrictions are 
largely determined in the topological relations of the 
product structure. However, the knowledge which 
information from which IT system is required for a 
specific planning case is part of the expert know-how of 
a planner and remains not directly accessible. At the 
same time the decisions taken during past PEP’s create a 
data fundament in terms of a substantial digital source of 
knowledge. To convert some of this implicit planning 
knowledge into explicit and further to prepare planning- 
and decision-making support the process of knowledge 
discovery can be used. 
4. Knowledge discovery in databases 
Knowledge discovery in databases (KDD) is the 
nontrivial extracting of implicit, previously unknown 
and potentially useful knowledge from data [14]. It is 
already today a successful approach for extracting new 
knowledge from digital databases in different areas. 
4.1. Process of Knowledge Discovery in Databases 
The standard procedure for knowledge discovery is 
presented in various KDD process models which have 
been developed in a scientific or a practical context. 
They propose substantially similar procedures, but 
usually differ by the number, names and presentation of 
their iteratively performed steps. Thereby Data Mining is 
a particular step in KDD process with application of 
specific algorithms for extracting patterns from data 
[15]. The KDD process model Cross-Industry Standard 
Process for Data Mining (CRISP-DM) was developed in 
the late 1990s by the data mining experts from e.g. 
DaimlerChrysler, SPSS and is one of the leading 
methodologies with high practical relevance. This 
relevance is important for successful application in 
manufacturing companies and has therefore been a 
crucial selection criterion. It is based on experiences 
from realised data mining projects and describes the 
KDD process as a life cycle [16]. 
The six major steps of CRISP-DM process model are 
Business Understanding, Data Understanding, Data 
Preparation, Modelling (e.g. data mining), Evaluation 
and Deployment, which typically have to be executed 
during every KDD process.  
4.2. Typical and new application areas of KDD 
In both insurance and banking sector as well as in 
marketing and online business KDD is state of the art for 
an efficient data analysis and decision-making support 
(e.g. [17, 18]). Although, in the last few years 
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knowledge discovery and data mining have emerged as 
an important tool for knowledge acquisition from 
manufacturing databases [1], their practical application 
in manufacturing industry is rudimentarily performed 
and mainly focused on quality prediction (e.g. [19]).  
In the future knowledge discovery in the PEP can be 
applied to product, process and resource data – separated 
in one of these areas or area-overlapping. The isolated 
application of knowledge discovery for example can be 
used for establishing product model kits in product 
development or reference process structures in process 
planning. The area-overlapping application of 
knowledge discovery is introduced in the following 
using the example of product and process data 
correlations to determine assembly time prospectively. 
Thus a retrospective analysis and evaluation of history-
related production data enable a prospective 
determination of relevant parameters for comparable 
planning situations. 
5. Prospective determination of assembly time 
Assembly time data are an essential planning- and 
decision-making fundament for manufacturing 
companies in the PEP. Thereby time data describe not 
only the duration and the point of time but also the time-
determining product and process characteristics and take 
up to 50% of the total manufacturing time in mechanical 
and automotive area [20]. Depending on the phase of 
planning and the intended application it is necessary to 
determine these time data with sufficient accuracy for 
short-term operative, tactic and long-term, strategic 
planning activities.  
5.1. Current approaches to determine assembly time 
“Comparing and Estimating” by experts is currently a 
common method for assembly time determination in 
early phases of the PEP. Therefore many manufacturing 
companies are planning and calculating based on rough 
estimated assembly time [21]. 
During the past few years a lot of different solutions 
in virtual PEP have been developed to support planning- 
and decision-making. Especially in determining time 
data in early planning phases limitations of existing 
approaches in terms of planning support are clearly 
observable. Indeed a lot of scientific publications are 
covering the determination and representation of time 
data in dependency on process parameters, which are 
available in later planning phases, thus enabling a 
process-oriented time determination [5, 21, 22, 23]. 
However in early phases of the PEP only a few 
approaches to determine time data based on - partially 
diffuse - product parameters are known already (e.g. 
MTM-PROKON method or [24]). Furthermore a high 
initial effort to create the planning and time-determining 
logic is characteristic for these approaches for example 
to establish rule-based knowledge bases in expert 
systems (e.g. [5, 8]). In addition they show an 
insufficient intelligent integration and utilisation of 
existing data pools (e.g. from the Digital Factory). Basic 
approaches for data-driven time determination are 
thereby existing, for example in terms of prediction of 
cycle time in semiconductor manufacturing using data 
mining [25] or for extraction of process time information 
from event logs in large-scale manufacturing using 
process mining techniques [26].  
5.2. KDD based approach to determine assembly time 
The development a data-driven method to determine 
assembly time prospectively in early phases of the PEP 
is the intention of the current research project. This new, 
computer aided and KDD based method reverts to the 
intelligent detection of product and process clusters 
(patterns) and to the interpretation of already existing 
correlations between these clusters. For this purpose it is 
initially necessary to detect product clusters using 
methods of unsupervised learning based on product data 
e.g. from requirements lists, FBOM or EBOM. 
Fundamental for this purpose are product attributes that 
may have significant impact to production processes and 
their duration. In the next step process data for example 
in term of MBOM, work plans or production orders are 
extracted from different planning systems and process 
cluster are patterned, too. 
Fig. 3. Data-driven prospective determination of assembly time [cf. 13] 
Both the detected product and process clusters as well 
as the persistent correlations between different product 
and process instances in existing data pools are the 
fundament for the subsequent mapping of these product 
and process structures (see Fig. 3). The „Modelling” step 
in the KDD process starts with descriptive data mining 
to detect characteristic clusters in process and product 
data. By evaluation of the existing linkages between 
product and process instances the correlations between 
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clusters of process and product data are identified. This 
is the basis for the application of predicting data mining 
models in order to provide a structure mapping between 
product and process clusters. By assigning new products 
to existing product clusters the prediction of future 
assembly time and hereby the consistent utilisation of 
new knowledge is realised. 
6. Summary and further development 
The mapping approach respectively the projection of 
time knowledge in a particular application contributes an 
essential added value to planning- and decision-making 
support (e.g. within Simultaneous Engineering teams) by 
utilizing the already existing knowledge in IT systems 
consistently. Thus planning times and costs are reduced 
(e.g. by avoiding unnecessary planning iterations) and 
planning security is ensured. The application of 
proposed methods increases the transparency in product 
and process data pools. 
As a consequence the portfolio of methods for time 
determination is extended in virtual PEP by the 
introduced approach. In addition the planning 
knowledge arising during the PEP can be provided for 
all applied methods and tools (e.g. extensions of PLM 
functionalities). Furthermore the potentials of KDD in 
digital manufacturing are evaluated.  
Based on this the functionalities of IT tools in 
engineering and Digital Manufacturing can be extended 
by the integration of knowledge discovery techniques for 
prospective determination of assembly times. Intelligent 
utilisation of digital databases contributes to the 
establishment of intelligent Computer Aided Product 
Emergence (iCAPE) in the future.  
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